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A Novel Methodology for Dynamic Weigh in
Motion System for Railway Vehicles with Traction
Altan Onat, Bekir Tuna Kayaalp
Abstract—Loading conditions of railway vehicles both affect
the vehicle and substructure directly. There are approaches to
determine the load of a railway vehicle, the first one is to
statically weigh the vehicle, the second approach is to place
sensors along the track and dynamically weigh the vehicle at
certain sections and the third one is to design special sensors that
can be implemented on the vehicle. In this study, a model based
indirect estimation methodology for normal load is proposed.
This approach is based on interpreting angular velocities of
wheels and translational velocity measurements of a vehicle to
determine the normal load. A swarm intelligence based evolution
of multiple models is proposed for estimation. In order to validate
the approach, measurements taken from a tram wheel test
stand with an independently rotating wheel are considered. The
proposed approach is promising to be used as a dynamic weighing
system and cost–efficient since only vehicle–based sensors are
used. Furthermore, a continuous monitoring of the normal load
is made possible with high accuracy since this methodology is
neither limited to track–based sensors nor it requires special
sensors and instrumented wheelsets.
Index Terms—Weigh-in-motion systems, railway vehicles, nor-
mal load estimation, multiple models, condition monitoring.
I. INTRODUCTION
CONDITION and health monitoring based on low costsensors and intelligent algorithms are becoming popular
for all means of transport. Especially, such systems are useful
to maintain safety and reliability.
In a fairly recent review [1], such on board condition and
health monitoring systems are classified into two groups. The
first group of systems is based on track-side sensors and the
second group consider the data from sensors attached to the
vehicle. Moreover, each group of systems are categorized as
model and signal based. In model based methods, a math-
ematical model of the physical systems is created and by
combining the results of this model and measurements with
an intelligent algorithm, necessary inspection is made for the
vehicle. Whereas signal based methods only consider data
obtained from sensors and use it to interpret the situation.
Main aspects, which are focused in the literature, are reported
as wheel–rail health monitoring, suspension health monitoring,
vehicle component health monitoring and running state mon-
itoring, [1]. Wheel–rail condition monitoring covers a wide
A. Onat is with the Department of Electrical and Electronics Engineering,
Eskisehir Technical University, Iki Eylul Campus, Eskisehir, 26555 TURKEY
e-mail: altanonat@eskisehir.edu.tr.
B. T. Kayaalp is with Transport Means and Diagnostics, Faculty of
Transportation Engineering, University of Pardubice, 532 10 CZECHIA.
Manuscript received August 16, 2018.
Copyright (c) 2015 IEEE. Personal use of this material is permitted.
However, permission to use this material for any other purposes must be
obtained from the IEEE by sending a request to pubs-permissions@ieee.org.
area including adhesion detection [2]–[5], rail defects detection
[6]–[9], wheel condition monitoring [10]–[13]. Methodologies
to observe suspension parameters are developed in [14]–[19].
Loading conditions directly affect the vehicle and substruc-
ture. Therefore, there are industrial and scientific methods for
weigh in motion (i.e. WIM) systems and they are summarized
in [20]. All of these methods are based on replacing sensors
to the substructure elements like track, bridges, sleepers etc.
and it depends on the stress, deformation, force measurements
from the substructure. In [6], a methodology, which is based
on putting a simple transducer to a hole drilled in the rail web,
is proposed so that vertical and lateral forces exerted on the rail
by train can be measured. A WIM system specific to railway
bridges is presented in [21]. In [20], [22], a multibody model
based methodology to estimate normal load and vehicle center
of gravity is presented. However, this model based estimation
algorithm depends on the measurements from force sensitive
elements attached to the sleepers. Therefore, the algorithm
in [20], [22] requires various measurement points along the
track. It should be noted that track stiffness can be affected
by environmental factors e.g. low temperature in winter or
maintenance issues e.g. replacement of ballast, [21], and they
are sensitive to the variables affected by the dynamic motion of
a train such as track smoothness, wheel defects, truck hunting
and skewing, and coupler effects, [23]. Therefore, their static
and dynamic calibration must be carried out periodically. In
[23], it is reported that the WIM systems used for North
American railroads can achieve 98% accuracy after static
calibration.
Even though they are not mentioned as a WIM system, there
are also systems which use special sensors or instrumented
wheelsets to estimate contact forces to especially determine
derailment coefficient (i.e. ratio of lateral contact force to
vertical contact force). Thus, these forces can be considered
to interpret the wheel load of a vehicle. Similar to the
WIM systems reported in previous paragraph, contact force
estimation systems use force sensitive elements (e.g. strain
gages) and in this case, instead of replacing such elements to
the track, bridge or sleepers, they are replaced to the wheel,
[24], [25]. However, as stated in [26], the use of such systems
is not suitable for commercial vehicles since tread braking of
wheelsets equipped in this way is generally impossible due
to the sensitivity of strain gages and similar elements to the
generated heat. Moreover, application of such instrumentation
to each wheelset is expensive. Other methods to estimate
contact forces include design of special and specific sensors. In
[26], [27], a magnetostrictive sensor is used to estimate vertical
contact forces. Such sensor is used to interpret deflection
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between bogie and the wheelset to estimate load of a vehicle.
Since the axle of the wheelset is drilled through for strain
gage cabling, axle strength is insufficient for long-term use as
stated in [27]. Therefore, instead of replacing force sensitive
elements to the rotating parts, special sensors and apparatus are
proposed in the literature, [26], [27]. However, it is obvious
that the implementation and design of such specific sensing
elements are costly. In a recent work [25], several studies
reported as indirect methods to estimate contact forces. Firstly,
such an indirect method is presented in [28] which is based
on estimating vertical load by interpreting vertical acceleration
measurements via inverse model. However, field tests shows
that maximum correlation coefficient between measurements
and estimated values is 0.73 which is not a promising result.
Even though other studies [29], [30] are also reported as
indirect method in [25], they are actually based on replacing
strain gages to axle boxes or bogie. Therefore, approaches in
[29], [30] are different from the indirect estimation concept
presented here since the methodology given here proposes
the use of velocity sensors which are already used for other
purposes (speed determination and traction control) in railway
vehicles, whereas replacing strain gages to non-rotating parts
of the vehicle is called as indirect for the studies in [29], [30].
In this study, a model based novel approach is proposed
which the normal load estimation is based on the indirect
interpretation of wheel angular and vehicle translational ve-
locities instead of measurements from the track or instru-
mented wheelsets. Therefore, neither various measurement
points along the track nor special sensors attached to the
wheelsets are required in this methodology. This approach
assumes that the wheel angular and the vehicle translational
velocities are measured. A high accuracy global positioning
system (i.e. GPS) velocity sensor and high accuracy encoders
are enough to determine such velocities. Additionally, the
methodology proposed by the first author in [31], [32], is
considered and estimation is based on the swarm of models
which are evolving based on simple swarm intelligence. Mod-
els imply mathematical model of the system with different
normal load estimates. Whenever a measurement is taken
from the vehicle, the best model is selected for estimation
based on the measurement so that the model, which represents
vehicle dynamics most accurately, is chosen. The estimation
methodology considers the fact that for different normal loads
the dynamic response of the wheels to traction or track
disturbances (simply excitation) are different. In this case, the
creepage occurring between wheel and rail due to the traction
changes according to the normal load and it is estimated based
on the multiple models. Similarly, this approach is considered
in [32] to estimate friction conditions indirectly.
Firstly, the general structure of the methodology is pre-
sented. Afterwards, the application of the methodology for
the test system is reported. The test system is a tram wheel
test stand which simulates the traction system of the trams
which has independently rotating wheels and produced in
Czechia. This test stand is a wheel on roller type roller–rig
and similarly, it was previously used for testing a condition
monitoring algorithm, [12].
The main advantage of the proposed approach is that it
allows continuous monitoring of the normal load since it
just depends on the vehicle based measurements. Therefore,
there is no need to place sensors along the track in this
methodology. However, in order to increase the accuracy of
the estimation, this methodology can be combined with the
approaches which use track based measurements so that the
number of sensors which should be placed on the track can be
decreased. Details of the application of the methodology for
other types of railway vehicles, and advantages–disadvantages
of the methodology are provided in the discussion section.
II. GENERAL STRUCTURE OF THE APPROACH
The general structure of the methodology is illustrated in
Fig. 1.
Mathematical models of the system are started with proper
initial conditions with respect to the vehicle. Whenever a
measurement is taken from the vehicle, normal load estimates
Nˆi, where i = 1, . . . , n and n is the number of models,
are updated with a swarm intelligence algorithm and the best
model representing the vehicle dynamics is selected as the
estimate. The selection of the best model is based on the
measurement
J =
∣∣smodelj − smeasured∣∣ , (1)
where J represents the cost function, s is used for creepage,
smodelj is the creepage value for j
th model and smeasured
is the measured creepage value from the vehicle. The model,
which provides minimum cost function Jmin, is selected as the
best model (i.e. estimate). The simplest explanation for the
creepage is that it is the difference between circumferential
velocity of a railway vehicle wheel and the translational
velocity of the vehicle and it is expressed as
s =
v − ωwrw
1
2 (v + ωwrw)
, (2)
where ωw is the angular velocity of the wheel, v is the
translational velocity of the vehicle and rw is the rolling
radius of the wheel. Creepage response due to the traction
changes with respect to different normal loading conditions
so that interpreting the data for the models and measurement
makes estimation of the normal load possible. Therefore, in
order to accurately estimate the normal load, the mathematical
model, which represents the certain dynamics of the vehicle,
is required.
In the following sections, the application of this methodol-
ogy on a tram wheel test stand is presented.
III. MATHEMATICAL MODEL OF TRAM WHEEL TEST RIG
As previously indicated, this test stand is being used for
validating recently developed condition monitoring method-
ologies. Information about the test stand can be found in [12],
[32]–[34]. Schema of the test stand is given in Fig. 2.
This roller–rig is a wheel on roller type test stand. It is
a full scale model of the trams with independently driven
wheels which are produced in Czechia. Wheel is driven by
a permanent magnet synchronous motor (i.e. PMSM) and the
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Fig. 2. Illustrations of the test rig
roller, which is manufactured from a wagon wheel, is driven by
an asynchronous motor. Normal force on the wheel is exerted
by a pressurized air spring and the normal force is measured
by using the pressure transmitter connected to the air spring.
There is a linear relationship between the pressure of the air
spring and the applied normal force. Angular positions of the
wheel and roller are measured by using two rotary encoders
attached to the shafts of wheel and roller. Angular velocities
are obtained by using a numerical derivation procedure for
angular position measurements. In order to model coefficient
of adhesion and measure tangential force between wheel and
roller, a toque transducer is used and it is attached to the roller
shaft. Finally, all sensory data is collected by a data acquisition
device (i.e. DAQ) and processed by a computer.
Since the methodology proposed here is based on mathe-
matical models, an accurate model of the considered system is
essential. Therefore, models for subsystems and substructures
are explained in the following subsections. The application of
the general structure on the test stand is presented in Fig. 3.
A. Electrical Motors
Electrical layout of the test stand is reported in [12], [35].
A feedback flux weakening control method is used to drive
PMSM connected to the tram wheel and details of the method
are reported in [35]. During estimation process, torque profile
is requested from this controller and the output of this control
system is used. The asynchronous motor attached to the roller
is used for maintaining a constant peripheral speed for the
system and for braking. A volts per Hertz open loop control
method is used for the asynchronous motor. In order to obtain
mechanical torque exerted by this motor, firstly Thevenin
equivalent circuit of the motor is obtained by no load test,
blocked rotor test and measuring per phase stator resistances.
Then, by using the following equation
Tmech =
3
ωsyn
V 2Th(
RTh +
R
′
2
s
)2
+
(
XTh +X
′
2
)2 R
′
2
sm
, (3)
mechanical torque of the asynchronous motor can be calcu-
lated where ωsyn is the synchronous angular speed of the
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Fig. 3. Application of the methodology on a test stand
motor and sm is the slip which is simply the difference
between rotor speed and synchronous speed, [36]. Parameters
for the Thevenin equivalent circuit are provided in [12] for
this test stand. Electrical motor parameters are same for all
models, and they are illustrated in the roller–rig parameters
section of Fig. 3.
B. Contact Model
1) Geometrical Investigation: One of the most critical
models related with the methodology is the contact model.
In order to build up the model, first step is to investigate the
wheel–roller geometrical structure and interaction. Profiles of
the wheel–roller are compatible with the wheel and rail profiles
used in tram network of Prague, Czechia. Profile measurement
is carried out by using a miniprof device. A diameter tape is
considered to measure wheel–roller longitudinal rolling radii,
and they are found as 0.6964 m and 0.9043 m for wheel–
roller, respectively. As well as longitudinal radii, lateral radii
of the wheel–roller and conicity angle are also required to find
a contact area. Therefore, a simple two point finite difference
formula is considered to obtain longitudinal radii and conicity
angle. Conicity angle of the wheel profile is expressed as
tanδw =
dzw
dyw
, (4)
where δw is the conicity angle, zw and yw are the vertical and
lateral coordinates of the wheel profile. Lateral curvatures of
the wheel–roller can be found as
κw,r =
d2zw,r
dy2w,r[
1 +
(
dzw,r
dyw,r
)2] 32 , (5)
where indices w and r represents wheel–roller respectively.
Results for the profile data, lateral curvatures and conicity
angles are reported in [12].
Next step after obtaining profile data is to find a contact
point. In order to find the contact point based on the profile
data, quasi–elastic contact search method [37]–[39] is con-
sidered. Rigid contact search is the simplest method which
is based on searching minimum vertical distance between
profiles. Let d(s, zw, zr) be the distance function between
wheel–roller(rail) profiles where s is the lateral distance of
points with respect to the rigid contact point and zw and zr is
the vertical coordinate of the wheel–roller profile, respectively.
In quasi–elastic contact search, it is assumed that elastic
deformations of both surfaces are related exponentially and
the exponential weight function is given as
w(s, zw, zr) = exp
(−d(s, zw, zr)
reg
)
, (6)
where reg is a regularization parameter, [38]. The elastic
deformation of the wheel in pure elastic contact model is
chosen as the indicator to determine regularization parameter
and it is selected as 2 × 10−5 which is the same value used
in [37]. Thus, the location of new contact point based on the
elasticity of the wheel and rail is found as
s¯ =
∫ smax
smin
s.w(s, zw, zr)ds∫ smax
smin
w(s, zw, zr)ds
. (7)
Quasi–elastic contact search method determines new loca-
tion of the contact point. Contact angle is obtained as 0.0503
rad by using (4) and the profile data obtained from miniprof
device. As indicated previously, a simple two point finite
difference formula for numerical differentiation is considered
in (4). Likewise, lateral curvatures of the wheel and roller are
obtained as 3.3406 and 0.5259 m−1, respectively by using
(5). In other words, location of the contact point and profile
data are considered to determine contact angle and lateral
curvatures from (4) and (5).
2) Normal Problem Solution: Geometric investigation of
profiles are required to obtain necessary parameters for the
contact area. Theory of Hertz [40] is considered to find
an elliptical contact area. In this theory, it is assumed that
dimensions of each interacting body (e.g. wheel–rail) is much
bigger than the dimensions of the contact area and the effect
of tangential force due to the friction is neglected. The
eccentricity of the elliptical contact area is defined as
e =
√
1− b
2
a2
, (8)
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where b < a are the semi-axes of the contact area. Pressure
exerted on the contact is same for each body and equivalent
elasticity modulus can be written as
1
Ewr
=
1− ν2w
Ew
+
1− ν2r
Er
, (9)
where νw and νr represents Poisson ratio of wheel–rail(roller),
respectively.
In the method of Hertz, geometric constants based on
principal curvatures of bodies are required. These constants
are expressed as
A =
1
4
 ∑
i=w,r
(
1
ri,x
+
1
ri,y
)
−
(
2∑
i=1
(
1
ri,x
+
1
ri,y
)2
+
2
(
1
rw,x
− 1
rw,y
)(
1
rr,x
− 1
rr,y
)
cos2ψh
)1/2]
,
B =
1
4
 ∑
i=w,r
(
1
ri,x
+
1
ri,y
)
+
(
2∑
i=1
(
1
ri,x
+
1
ri,y
)2
+
2
(
1
rw,x
− 1
rw,y
)(
1
rr,x
− 1
rr,y
)
cos2ψh
)1/2]
.
(10)
where rw,x, rw,y are the rolling radii of the wheel and rr,x, rr,y
are the rolling radii of the rail (roller) in the longitudinal and
lateral directions, respectively, and ψh is the angle between
axes of wheel–rail (roller). In this case, it is assumed that ψh
equals to the contact angle. The ratio between these constants
and the contact area is expressed as [41], [42]
B
A
=
(a
b
)2
E(e)−K(e)
K(e)−E(e) , (11)
where K(e) and E(e) in these equations are the elliptical in-
tegrals of first and second kind of the eccentricity. Definitions
of these integrals can be found in [43]. A semi–ellipsoidal
pressure distribution in the contact area is assumed and the
contact ellipse dimension [44] are found as
a = 3
√
3
(K(e)−E(e)
e2
N
2piAEwr
, (12a)
b = a
√
1− e2, (12b)
e =
√
1− b
2
a2
=
√
1− A
B
E(e)− (1− e2)K(e)
K(e)−E(e) , (12c)
where N is the normal load. In order to compute the elliptical
integrals of first and second kind, series expansion [45] around
the point e = 0 is taken into account and it can be given as
K(e) =
pi
2
[
1 +
(
1
2
)2
e2 +
(
1× 3
2× 4
)2
e4 + · · ·+
(
(2n− 1)!!
(2n × n!)
)2
e2n + . . .
]
, (13a)
E(e) =
pi
2
[
1−
(
1
22
)
e2 −
(
12 × 3
22 × 42
)
e4 − . . .
−
(
(2n− 1)!!
(2n × n!)
)2
e2n
2n− 1 + . . .
]
, (13b)
where n represents the number of terms to approximate
elliptical integrals. An iterative calculation is possible for these
elliptical integrals [46] and it can be given as
K(e) =
∞∑
n=1
Pn, and : Pn+1 = Pn
(
2n− 1
2n
)2
e2, (14a)
E(e) =
∞∑
n=1
Pn, and : Pn+1 = Pn
(
2n− 1
2n
)2
e2
(
2n− 3
2n− 1
)
.
(14b)
Initial values for P1 and e is considered as 2pi and 0.5,
respectively. Maximum iteration is selected as 103. It is stated
in [45] that maximum error percentage for Ke and Ee are 30%
and 6%, respectively when only four terms (i.e. iterations) are
used with an initial selection of 0 ≤ e ≤ 0.99. Whereas, if
initially 0 ≤ e ≤ 0.80 is taken and four terms are selected,
maximum error percentage for Ke and Ee are 2% and 0.4%,
respectively. In this study, if the highest term or the expansion
is smaller than 10−6, iteration is terminated. Thus, eccentricity,
dimensions of the contact area and elliptical integrals are
calculated iteratively.
3) Shape Correction for the Contact Area: Investigations
on the wheel–rail contact show that assumption of a smaller
value of the penetration value than the Hertzian case pro-
vides closer results to the real contact shape. Thus, a virtual
penetration value δ0 = 0.55δ is selected in this study for
shape correction [47], [48]. After shape correction, contact
area dimensions can be calculated as
a =
√
0.55δ
A
,
b =
√
0.55δ
B
.
(15)
It has been previously concluded that shape correction
presented in [47] provides more promising results with respect
to method of Hertz in comparison with the carbon paper
test for the real contact patch [49] applied to the test stand
considered in this study.
C. Adhesion and Creep Force Model
Experiments on the test stand are carried out for dry surface
conditions. When slip increases, temperature at the contact
increases and this cause a decrease in friction. A variable
friction model proposed in [50], which considers the effect
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of the temperature, used here to model friction coefficient.
Dimensionless creepage given for the wheel–rail case in (2)
is considered for wheel–roller case, whereas spin creepage is
not provided and for the wheel–roller it can be expressed as
sφ =
sinδw
reqx
, (16)
where δw is the contact angle and reqx is the equivalent radius
for wheel–roller and it is given as
1
reqx
=
1
rw,x
+
1
rr,x
. (17)
Friction coefficient between surfaces are defined as
µ = µ0
[
(1−A) e−Bw +A] , (18)
where µ0 is the maximum friction coefficient, w (m/s) is
the magnitude of the slip velocity, B (s/m) is the coefficient
of exponential decrease and A is the ratio of limit friction
coefficient µ∞ to µ0.
Creep force model reported in [50] is considered and it is
expressed by
Fx = −2Nµ
pi
(
kA
1 + (kA)2
+ arctan kS
)
, kS ≤ kA ≤ 1,
(19)
where kA and kS are reduction factors for adhesion and slip
areas of contact area.  is the initial gradient of the tangential
stress and it is given as
 =
2
3
Cpia2b
Nµ
s, (20)
where C is the contact shear stiffness coefficient (N/m3). It is
expressed as
C =
3
8
G
a
cjj , (21)
where G is modulus of rigidity and it is assumed as 8×1010 Pa
and cjj where j = 1, 2, 3 is the Kalker coefficients which are
calculated and tabulated in [51]. A polynomial approximation
for these coefficients are reported in Appendix A of [12]. cjj
is expressed as
cjj =
√(
c11
sx
s
)2
+
(
c22
sy
s
)2
, (22)
where s =
√
s2x + s
2
y is the total creepage, sx and sy are the
creepages and c11, c22 are Kalker coefficients in longitudinal
and lateral directions, respectively. As stated previously, the
effect of spin on the lateral creepage is taken into account
here and the details of how spin creepage affects creep force
is provided in [52].
Adhesion coefficient is defined as the ratio of tangential
force to normal load and it is f = FxN . Adhesion is modeled by
considering the measurements from the torque transducer and
pressure transmitter, and for dry surface conditions maximum
friction coefficient is determined as µ0 = 0.4, since only linear
region of adhesion–creepage curve is measured. For other pa-
rameters standard particle swarm based optimization algorithm
is considered and the parameters for this line is found as
A = 0.6584, B = 0.7087 s/m, kA = 0.6258, kS = 0.5997.
Model and measurements of adhesion coefficient is presented
in Fig. 4.
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Fig. 4. Model and measurement for adhesion coefficient
D. Torsional Dynamic Model of the Test Stand
Forces and torques acting on the test stand are illustrated in
Fig. 2a. Considering these forces and torques, dynamic model
of the test stand is expressed as
dω˙r
dt
=
TA + (Fx × rr,x)
Jrtotal
, (23a)
dω˙w
dt
=
−TP − (Fx × rw,x)
Jwtotal
, (23b)
where Jwtotal and Jrtotal represents the total moment of iner-
tias of the wheel–roller with connection elements, respectively.
They are found as 17.86 kgm2 and 47.2 kgm2 by using a
three dimensional modeling software. A fourth order Runge–
Kutta numerical integration method is used to simulate the
mathematical model given in (23). Time step is selected as
2.5× 10−4 s.
IV. VALIDATION OF THE MATHEMATICAL MODEL
In order to validate the methodology, two peripheral veloci-
ties 5, 16 m/s and two loading cases 10, 20 kN are considered.
In simulations, torque profile requested from the controller of
PMSM is same and it is shown in Fig. 5.
In all simulations, maximum value of the torque request
from the PMSM is same and it is approximately 785 N/m. It
is apparent from the Fig. 6, 7, 8, 9 that mathematical model
of the test stand is capable of tracking measurements. As well
as wheel–roller angular velocities, creep force comparisons
between model and measurements are also provided. It is seen
from the Fig. 6, 8 and 7, 9 that creep force measurements are
almost equal at same peripheral velocity for different normal
loads. The main reason is that the torque requests from the
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PMSM are almost equal and opposed torques from asyn-
chronous motor are also equal for same peripheral velocities.
However, creepage responses in both simulations for different
normal loads are also different. Creepage measurement ob-
tained from angular velocity measurements are shown in Fig.
10, and as expected at 10 kN creepage values are higher than
the 20 kN case for 5 m/s peripheral velocity. The main idea
behind the estimation methodology and the basis for the cost
function in (1) is this fact that different creepage values occur
for different normal loads at same velocities.
Moreover, noise in the measurements are seen in Figures.
This noise is mainly due to the misalignment of connection
elements and the main frequency component of the noise is
directly proportional with the angular velocity of the roller.
Therefore, effect of the noise can be significantly reduced
by using a moving average filter based on the roller speed.
Nevertheless, such filtering process is not considered for ve-
locity measurements to show the effectiveness of the proposed
methodology.
V. SWARM INTELLIGENCE BASED MULTIPLE MODELS
APPROACH
During estimation process, multiple mathematical models
of the test stand are created for different normal loads and
all other mechanical, electrical parameters of the system are
same for each model. Furthermore, a swarm intelligence based
evolution of model estimates is proposed.
This methodology is tested firstly in [31], and it is inspired
from the well–known particle swarm optimization. However, it
is noticed in [31], [32] that the use of particle swarm optimiza-
tion as a parameter estimator for this case is not suitable due
to the noisy structure of the measurements. Therefore, unlike
the noise free particle swarm optimization method, the global
best model is omitted here due to the noisy structure of the
measurements and a model reinitialization method proposed in
[53] is considered. Other methods to consider particle swarm
optimizer in noisy environments are summarized in [54], [55].
However, either noise statistics of the measurements must be
known or complex PSO variants should be used in order to
obtain promising results. In [55], two research strategies are
proposed which are a weighted search center derived from
the top-k best particles in the swarm and guiding the swarm
by using the current fitness values rather than the historical
ones. In this study, the methodology is based on the second
strategy and the method is similar to the one proposed in [55],
except they are proposing a dual approach which also includes
the first strategy. It is already proven in [55] that historical
information elimination (i.e. elimination of global best model),
provides noise reduction in noisy environments.
The boundaries of the parameter space are selected as
Nˆmin = 4.2 kN which is equal to bare weight of the
wheel and Nˆmax = 60 kN. Initial distribution of the
normal loads for models are uniformly distributed between
the limits. For example when five models are selected, the
initial values for the normal load estimate vector Nˆ0 =[
4.2, 18.15, 32.1, 46.05, 60
]
kN.
The sampling frequency of the measurements is 200 Hz
and they are recorded. Thus, time step for the measurements
is 5× 10−3 s and until a measurement is present, simulations
are continued and when it is taken the velocity of the model
estimates are updated based on
Vi = ω × Vi + c× r ×
(
Nˆbest − Nˆi
)
, i = 1, . . . , N (24)
where ω is the inertia weight parameter and selected as 0.9,
Vi is the velocity of the ith model, Nˆbest is the best estimate
from previous time step which minimizes the cost function
(1), Nˆi is the current parameter value for the ith model, c is
the acceleration coefficient and it is selected as 2 and r is a
random number between (0, 1). Next step is to update normal
load estimates based on the expression
Nˆi = Nˆi + Vi. (25)
In particle swarm optimization method, particles may di-
verge to large values. This can be prevented by using a velocity
clamping method. In this study, clamping method proposed in
[56] is used and it can be expressed as
V =
{
V = Vmax if Vmax < V, Vmax = 1500 N,
V = Vmin if V < Vmin, Vmin = −1500 N.
(26)
Furthermore, a model reinitialization method [53] is con-
sidered here in order to increase exploration capability of the
estimation approach. When mean of the absolute value of the
velocities are below a threshold value, models are reinitialized.
10 N is selected as the threshold for this application.
In order to reflect the behavior of the mathematical model
with respect to different loading conditions, a test is carried
out. For example, the cost function in (1) is illustrated in
Fig. 11 when different normal loads are considered in the
model. Three loads 8, 10 and 12 kN are selected, and (1)
is realized. It is seen that the real parameter estimate is 10 kN
(5 m/s peripheral velocity) and the cost function is minimized
between 25–34 s in Fig. 11 for the real parameter value.
This is due to the persistence of excitation [57] in parameter
estimation of dynamic systems. Approximately 560 Nm torque
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Fig. 6. Model validation for 5 m/s and 10 kN normal load
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Fig. 7. Model validation for 16 m/s and 10 kN normal load
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Fig. 8. Model validation for 5 m/s and 20 kN normal load
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Fig. 9. Model validation for 16 m/s and 20 kN normal load
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is selected for persistent excitation condition, and traction part
of the torque profile in Fig. 5 ends at 34 s. Therefore, this
condition is taken into account during estimation process.
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Fig. 11. Cost function (1) realization for different normal loads in model at
5 m/s peripheral velocity and real normal load is 10 kN
VI. RESULTS AND DISCUSSION
Mathematical model is validated in a previous section. In
addition to validation cases, one more peripheral velocity
10 m/s is considered in this section. Firstly, the number of
models is selected as five in order to show effectiveness of
the methodology. However, the effect of number of models on
results is discussed later in this section.
At 5 m/s for 10 kN, estimation result can be seen in Fig. 12.
Nevertheless, this figure is provided to show the behavior of
methodology for full time during estimation, and as indicated
previously, the persistence of excitation condition is valid
between 25–34 s and only this period is taken into account
during estimation as presented in Fig. 13(a). Therefore, results
for other cases are shown only for 25–34 s. Besides, it should
be noted that effect of switching between models is apparent in
estimation results. In order to decrease the effect of switching
in the methodology, a moving average filter with an 1 s
window length is considered. Estimation results for 10 and 20
kN are presented Fig. 13 and Fig. 14. In order to evaluate the
estimator performance, root mean squared error (i.e. RMSE)
is selected as the metric and it is expressed as
eRMS =
[
1
M
M∑
i=0
(
Nj − Nˆj
)2] 12
, (27)
where j is the index for sample point and M is the total
number of samples. RMSE values are presented in Table I.
It can be seen from the table that with increasing peripheral
velocity estimation results degrade and with increasing normal
load estimation results enhanced. The estimation methodology
is promising that RMSE is below 7.24% in all cases.
Even though the estimation methodology is promising for
the loading conditions 10 and 20 kN where assumptions
in Section III-B2 for Hertzian contact are valid, estimation
methodology should also be tested for an excessive load for
the tram wheel. Therefore, tests are carried out for 40 kN
normal load at same peripheral velocities, and results are
provided in Fig. 16. It is previously proven in [58] that a
double non–Hertzian contact areas occur on the same test
stand for the excessive load 40 kN and it can be seen in Fig.
15. Therefore, estimation results for 40 kN are degraded in
comparison with the 10 and 20 kN loading conditions. RMSEs
are found as 4319.9 N (≈ 10.80%), 6174.5 N (≈ 15.44%),
7260.7 N (≈ 18.15%) for 5, 10, 16 m/s peripheral velocities,
respectively. Even though the estimation results are not so
good for the excessive load case, there is a promising aspect of
the estimator which is overestimation. Estimator assumes an
elliptical contact area, and it tries to simulate the real contact
area so that it mostly overestimates the normal load since
double contact occur in real case. Thus, excessive loading
conditions, where contact area is no longer elliptical, can
be detected easily. In order to enhance the estimator results
for excessive loading case, non–Hertzian contact models [59],
[60] must be considered, but such models are computationally
expensive, and they increase the complexity of estimator.
It is assumed during validation process that the tram wheel
is laterally fixed and this is a drawback for the approach.
Therefore, this methodology can be applied for track sections
with minimum lateral track irregularities. However, there are
methodologies in the literature to estimate lateral track ir-
regularities [61], [62] from acceleration measurements. Thus,
this drawback of the methodology can be eliminated by
combining this approach with these lateral position estimation
methodologies.
Additionally, it is assumed in this study that angular velocity
of the wheelset and translational velocity of the vehicle can be
measured. This assumption is practical and there are studies
which just focus on accurate speed estimation [63], [64].
Furthermore, there exists low cost and power solutions for
accurate speed measurement [65]. Therefore, it is evident here
that the speed measurement assumption is completely realistic
and practical.
As previously emphasized, only five models are used for
estimation. In Table II, the RMSE and computation time for
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5, 10 and 20 models are provided. 16 m/s peripheral velocity
and 10 kN normal load case is considered for comparison.
It is apparent from the results that even though the number
of models increase, a significant decrease in RMSE is not
obtained. However, when the number of models is doubled,
computation time is doubled as well. Therefore, we concluded
that 5 models is adequate for estimation. Simulations are
carried out by using MATLAB [66] on a MacBook Pro Late
2011 laptop with a 2.8 GHz dual-core Intel Core i7 processor
and 8 Gb of RAM. Computation time is measured by using the
stopwatch timer in MATLAB software. Another point about
the complexity is that a 42.5 s simulation of physical system
takes approximately 27 s computation time for one model. It
can be objected that the real time application of the method-
ology is impractical, but it should be noted that simulations
are carried out with a high level language such as MATLAB
and computation times can be significantly improved by using
low level languages such as C and C++. Furthermore, there are
multiprocessor system–on–chip methodologies [67] which use
parallel processing to realize such mathematical models for
railway vehicles. Therefore, the methodology proposed here
can be applied in real time by considering the multiprocessor
system–on–chip approaches and low level languages.
The use of test stands for validation and verification are
quite common in the literature, [29], [32]. As indicated pre-
viously, the test stand used here for validation represents
the traction system of the trams produced in Czechia and
extension of this methodology on these vehicles in operation
is straightforward and it can also be applied directly for
locomotives and hauled stock with traction. Dynamic models
similar to for vehicles in operation. Nevertheless, in order
to apply this methodology for hauled stock without traction,
different mathematical models should be considered since a
persistent excitation is needed to estimate normal load as a
parameter. Fortunately, there is a source of such excitation in
wheel–rail case, and it is track irregularity. Especially, vertical
dynamic model of the hauled stock can be used along with the
methodology proposed here for the track sections with known
or estimated vertical track irregularities [68] so that normal
load estimation is made possible for hauled stock. Such normal
load estimation is proposed in [28] with an inverse dynamic
model but the maximum correlation coefficient is about 0.73%
and it is not suitable for practical purposes.
It is convenient to compare the accuracy of this methodol-
ogy with previous approaches [28]–[30] which are referred as
indirect in [25]. In [28], it is stated that maximum correlation
coefficient between the measurements from field tests and
estimated value for vertical force is 0.73 and this is not
a promising result in comparison with the results provided
here. An indicator of the accuracy is not provided in [29],
whereas it is reported graphically in comparison with the
conventional method (i.e. instrumented wheelset). Therefore,
a direct comparison cannot be carried out with [29]. Likewise,
the results of the methodology proposed in [30] are compared
with the results of the conventional method and it is stated
that the maximum error for estimated vertical force is about
10% which is also higher than the worst results reported
here. Accuracy is not explicitly provided in studies based
TABLE I
RMSE VALUES FOR TEST CASES
5 m/s 10 m/s 16 m/s
10 kN 702.5306 N
(≈ 6.96%)
707.7997 N
(≈ 7.02%)
729.8672 N
(≈ 7.24%)
20 kN 751.8557 N
(≈ 3.76%)
884.5426 N
(≈ 4.42%)
1389.500 N
(≈ 6.95%)
on instrumented wheelsets or special sensors [25], [26], and
experimental validation is not provided and mentioned as a fur-
ther work for track based WIM systems [20], [22]. Therefore,
it is inconvenient to compare the accuracy of this methodology
with these previous studies. Furthermore, completely different
and indirect approach is proposed here with sensors which are
used for velocity measurements and traction control, unlike
the use of force sensitive elements for direct estimation. In
[23], it is reported that the accuracy of the WIM system used
in North American railroads is 98% after static calibration,
but it is also indicated that in a relative small speed range,
the measured weight is similar to the actual weight by an
offset. Elimination of this offset is left as further work in [23].
In [20], [22], the accuracy is also reported as 98%, but this
approach is validated based on multibody system simulations
and experimental validation is not provided and left as further
work.
The approach presented here brings several advantages in
comparison with the previous studies. First of all, as stated
by [21], track based solutions are sensitive to the environ-
mental conditions and the dynamic motion of the vehicle.
Therefore, the calibration of these systems must be carried
out periodically, [23]. However, the sensors considered in this
methodology do not require additional calibration for load
estimation since they are already used for different purposes
(e.g. speed calculation, traction control). Secondly, previous
WIM systems require special and specific instrumentation
for application, this is expensive and require extra labor for
implementation, maintenance and calibration, [23].
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Fig. 12. Estimation result for whole simulation at 5 m/s peripheral velocity
and normal load is 10 kN
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Fig. 15. Contact area for a 40 kN normal load on the tram wheel, figure
from [58] and contact area is obtained by CONTACT software [69].
TABLE II
RMSE VALUES AND COMPUTATION TIMES FOR 5, 10, 20 MODELS
5 Models 10 Models 20 Models
RMSE 729.8672 N
(≈ 7.24%)
722.5025 N
(≈ 7.16%)
717.8344 N
(≈ 7.12%)
Computation Time 135.438 s 273.8605 s 532.7294 s
VII. CONCLUSION
In this study, a mathematical model based normal load
estimation is proposed. A particle swarm optimization based
model evolution for models is presented. Firstly, mathematical
model is validated by considering measurements taken from
the roller–rig. Then, the methodology is proven on a tram
wheel test stand which simulates traction system of some trams
produced in Czechia. Estimation methodology is promising to
be used as a standalone monitoring tool for railway vehicles
with traction. Moreover, this methodology can be used along
with the track sensor–based WIM systems so that the number
of sensors, which should be placed to track sections, can be
significantly reduced.
As presented previously, WIM systems can be categorized
based on the replacement of sensors either to the track side
or vehicle. Furthermore, estimation of normal load by using
vehicle based sensors can be categorized as direct and indirect.
Direct estimation is based on the design of specific sensors for
this purpose, whereas indirect estimation strategies are based
on using sensors which are already used for other purposes in
vehicle. Comparison of the results of this study with previous
works in previous section demonstrates that the methodology
proposed here provides the most promising results among the
indirect estimation schemes presented previously in the litera-
ture to the authors’ knowledge. However, a clear comparison
of the methodology with respect to track based estimation
methodologies cannot be given, since either some of them
[20], [22] are simulation based or the accuracy of the results
are corrected by considering an offset [23]. A standard metric
for accuracy after static calibration is presented in [23] as
98% for North American railroads. However, in the dynamic
case, it is obvious that such accuracy cannot be reached.
Such methodology can also be considered to inspect safety
against derailment [70]. For example, Nadal’s flange climb
criterion is expressed as [70]
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Fig. 16. Filtered estimation results between 25–34 s, normal load is 40 kN
(
Y
Q
)
lim
=
tanγ − 0.36
1 + 0.36tanγ
, (28)
where Y is the lateral force, Q is the normal load, 0.36
is the considered friction coefficient and γ is the flange
angle. Especially, measurements to determine the limit for
such criterion are carried out either by using instrumented
tracks or wheelsets. In case of flange contact, Hertzian con-
tact conditions are not valid and for such case previously
stated non–Hertzian contact models can be considered or
since the methodology with Hertzian contact assumption cause
an overestimation, maximum result of the estimator can be
considered with a safety margin of ≈ 20% depending on the
translational velocity. It should be noted that maximum speed
considered here 16 m/s (≈60 km/h) is an excessive speed
for a tram wheel. Therefore, when a locomotive wheelset
is considered methodology proposed here can be tested for
higher translational velocities.
One of the further works is to use a state filter to enhance
estimation results. Instead of directly using the results of
models, state estimators such as family of Kalman filters
can be used. If such a state estimator is considered along
with a non–Hertzian contact model, which better describes
the contact area for flange contact, estimator result can be
enhanced beyond the results of this study. Nevertheless, such
state estimators and non–Hertzian contact models come with
computational complexity drawback. Recently, the first author
proposed a computationally efficient joint unscented Kalman
filter for parameter estimation in [71], and currently, authors
are working on combining the swarm intelligence based pa-
rameter estimation methodology proposed here with the joint
unscented Kalman filter by using the same methodology in
[71] to enhance the normal load estimation. Therefore, in
further work, even 98% accuracy, which is the value for North
American railroads after static calibration of track based WIM
systems, can be achieved.
Another further work is to test this methodology for hauled
stock by considering a vertical dynamic model of a vehicle.
Persistent excitation can be obtained by considering the track
irregularities so that the model based methodology can be
promising to estimate vertical wheel loads in case of hauled
stock.
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